1. To test whether brain activity could forecast time allocation at market scale, we combined neuroimaging with a behavioral task to forecast engagement with videos in an internet attention market (i.e., youtube.com).
containing places. For these videos, we randomly sampled sets of videos 32 at a time for 500 iterations. Rated positive arousal, negative arousal, and view duration metrics were normalized prior to sampling. For each random sample, we calculated the sum of standard deviations of all three metrics and picked the random sample out of 500 iterations that had the largest total standard deviation across all three metrics. Since this process was applied to video thumbnails containing both faces and places, it yielded 64 sampled videos that had high variation in positive arousal and negative arousal ratings for their thumbnails ( Figure S1 ), as well as in average view duration. The goal of this process was thus to sample the initial stimulus set down to a group of videos with high variation across all three metrics.
For prediction of aggregate outcomes, we used in-lab self-reports of valence and arousal after viewing videos associated with the thumbnails, rather than the thumbnail ratings collected in the MTurk sample. In the selected subsample of videos, positive arousal correlated 0.058 with aggregate view frequency and 0.020 with aggregate view percentage, whereas negative arousal correlated -0.053 with aggregate view frequency and -0.087 with aggregate view percentage. In the full video sample with MTurk ratings, positive arousal correlated 0.067 with aggregate view frequency and 0.049 with aggregate view percentage, whereas negative arousal correlated 0.044 with aggregate view frequency and 0.092 with aggregate average view duration. We verified the representativeness of the final subsample of videos by comparing the statistical properties of the subsample with the population (SI Appendix 2). Figure S1. Affective ratings of pilot video thumbnails. In an online pilot study, video metadata was collected for 2950 videos on YouTube. Video thumbnails for these videos were then rated with respect to affective valence and arousal by 5 MTurk workers each.
Large black points represent MTurk affective ratings for the 32 videos selected for use in the neuroimaging study, whereas gray points represent affective ratings for unselected videos.
SI Appendix 2: Aggregate view percent outliers
Two data points In Figure 3 appear as influential in the bivariate relationship between average AIns activity and Aggregate View Percent. This may be due in part to the videos in question being outliers with respect to AIns activity, or outliers with respect to aggregate view percent. With respect to AIns activity, the points on the horizontal axis already represent averages across all participants after removing volume acquisitions that exceeded 4 standard deviations of the average AIns activity, suggesting that they are not driven by a small number of influential AIns responses.
To address the possibility that the two influential videos were not representative of the population of videos, we tested whether the subsample of videos used as stimuli in the FMRI experiment (N=32) was representative of the full population of videos for which we collected aggregate data (N=1377). We compared the first four statistical moments of the distribution of aggregate view percent in the subsample of selected videos with the full population of videos. All four statistical moments were comparable between the 32 selected videos and the population of videos (Table S1 ). represents leave-one-subject-out cross-validated classification accuracy applying a median split to view percent. Significance: † p<0.10 (ns trend), *p<0.05, **p<0.01, ***p<0.001 (two-tailed). For valid trials, blink rates were significantly negatively associated with individual view percent. Specifically, a one-standard-deviation increase in blink rates was associated with a 4.2% reduction in view percent for a video (β=-0.042, t=-3.93, p<0.001). This was consistent for skipping as well, where blink rates were significantly positively associated with skipping (β=0.275, z=2.82, p<0.005). A one standard deviation increase in blink rates was still associated with a 3.2% decrease in view percent when controlling for positive and negative arousal, and video choice task decision about the video (β=-0.032, t=-3.65, p<0.001). Adding blink rates increased variance explained in view percent by 1.2% above and beyond positive and negative arousal, and video choice task decision, bringing total variance explained to 54.% including random effects before inclusion of information derived from FMRI activity.
We also tested whether average blink rates could forecast aggregate view frequency and duration. Blink rates were not significantly associated with aggregate view frequency. There was a trend towards a negative association between blink rates and aggregate view percent (β=-0.038, p=0.07), but this association was not significant after controlling for choice, self-report, and neuroimaging data (β=-0.008, p=0.16), and a full model including blink rate did not perform significantly better than the model without blink rate (adjusted R 2= 0.531, AIC=-62, CV RMSE=0.100).
Overall, consistent with research linking blink rates to working memory load and attentional capture, higher blink rates were associated with lower engagement in individuals. This finding may suggest that blink rates are able to capture unique variance in explaining view percent by indexing low attentional capture by the videos that were 10 eventually skipped. While blink rate measures could explain some variation in individual video view duration, they did not generalize to forecast aggregate measures.
Other peripheral physiological measures might also improve neuroforecasting, potentially as a function of their association with the neural activity described in this report. For instance, ElectroEncephaloGraphy (or EEG) has been used to forecast aggregate preferences among commercial goods (1), social media mentions (2), and movie ticket sales ( Significance: † p<0.10 (ns trend), *p<0.05, **p<0.01, ***p<0.001 (two-tailed). 
SI Appendix 4: Exploratory whole brain analysis
We conducted an exploratory whole brain analysis to verify our focus on the predicted volumes of interest for forecasting aggregate data and to highlight other brain regions which might be relevant for future inquiry. After preprocessing as described in the Methods, high-pass filtered data (admitting frequencies more than 1 cycle / 360 sec) for all four scans were concatenated for each participant. We then generated stick regressors by identifying volumes that corresponded to the onset and offset of videos as well as the four self-report ratings, and also block regressors indicating when participants were watching videos. These regressors were then convolved with a single gamma function to generate regressors for first-level regression analysis. Six additional parametrically-modulated regressors of interest were generated by multiplying the height of the indicator regressors for the three different parts of the videos (video onsets, blocks, and offsets) by the two different video aggregate metrics (i.e., view frequency and view percent) and then convolving the resulting regressors with single gamma functions.
To most closely reproduce our volume of interest analyses, we conducted six first-level analyses for each participant, each including one of the six parametricallymodulated regressors, as well as the same thirteen covariates of no interest (video onset, average, offset, the four ratings, and six motion parameters). We then conducted second-level analyses to generate statistical parametric maps of the coefficients of each parametrically modulated regressor of interest across the entire sample (Table S11-S12). Overall, whole brain results were consistent with our original bivariate volume of 20 interest findings, with NAcc activity at video onset forecasting view frequency, and AIns activity at video onset negatively forecasting view percent. Interestingly, beyond these regions implicated in anticipatory affect, activity in visual and auditory regions also appeared to forecast aggregate viewership, as well as (albeit less robustly) the posterior cingulate cortex, dorsolateral prefrontal cortex, and inferior parietal lobule. Further multivariate analyses using feature elimination techniques will be necessary, however, to determine the degree of redundancy of activity in these regions with activity in our affective volumes of interest in forecasting aggregate time allocation metrics. Statistics are standardized coefficients and standard error. Significance: † p<0.10 (ns trend), *p<0.05, **p<0.01, ***p<0.001 (two-tailed). Table S17 and Table S18 , and are comparable to results reported in the full sample. FMRI preprocessing was conducted using Analysis of Functional Neural Images software (5) . The first six and last four volume acquisitions constituted lead-in and leadout periods, and were omitted from analysis. Brain images were corrected for variation in slice-timing using sinc-interpolation, corrected for motion using six-parameter affine transformations to realign each volume to the volume acquired with closest temporal proximity to the anatomical scan, and spatially smoothed with a Gaussian 4 mm fullwidth at half-maximum kernel (6) . The resulting images were normalized to percent signal change within voxel and high-pass filtered at 1/360 Hz so as not to alias lowfrequency signals over the course of each video. Anatomical images were coregistered to the most temporally proximal functional volume (one anatomical scan needed to be manually coregistered), and spatially normalized by warping to the "Colin" brain template in Talairach space. 38 For volume-of-interest (VOI) analyses, we used NAcc and AIns masks publicly available with AFNI software (5), generated by Rutvik Desai using Destrieux, Desikan-Killiany, and Freesurfer parcellations in Talairach space. For the MPFC VOIs, we centered 8-mm-diameter spheres on foci identified in meta-analyses of incentive valuation at Talairach coordinates x=±4, y=45, z=0 (7) . A PCC mask was generated using the Harvard-Oxford Cortical Atlas in FSL in MNI space by limiting regional match probability at over 50%, and then warping onto Talairach space. All VOIs were warped from Talairach to subject native space by inverting the warps derived from spatial normalization. Preprocessed data were averaged within each VOI, and activity time series were extracted for computing neural activity metrics. Trials with activity exceeding 3 standard deviations from the mean were excluded from analysis. 
